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Abstract 
 
The large-scale implementation of demand-response measures has the potential to play a significant role in 
overcoming the various issues related to electricity supply/demand imbalances. This paper assesses various building 
energy modelling techniques and compares them using a schematic representation; the integration of the building 
models into a demand response scheme is then addressed and guidelines are given for different contexts. From the 
review carried out, the paper highlights the need to develop demand-response estimation tools at a large-scale taking 
into account the buildings characteristics. An outlook is given on a proposed method for large-scale demand 
response estimation. 
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1. Introduction 
 
Demand response (DR) has the potential to play a significant role in future smart cities. In order to be meaningful 
at overcoming some of the current challenges of the energy sector, DR should be implemented at a scale larger than 
single buildings. For a more accurate estimation of the potential, it is necessary to develop models that take into 
account the diversity of buildings at such scale. The diversity lies in the energy vectors, in the building types 
(residential, commercial, etc.) and end-use equipment, as well as the building thermal characteristics and occupants 
behavior. The DR estimation at a large-scale implies to find a trade-off between complexity, accuracy and computing 
time. This review paper first focuses on the building energy prediction state of the art and attempts to 
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classify a selection of case studies characteristics in a graphical representation. The integration of the building 
modelling approaches into a DR estimation scheme is then addressed. From the review carried out, conclusions and 
outlook are given on the future needs for large-scale DR estimation. 
 
2. Building energy modeling from small to large scale 
 
2.1. From small-scale to large-scale building energy modeling 
 
The typical aim of small-scale building energy modelling is to obtain internal zone temperatures, humidity levels, 
thermal comfort or thermal loads. Three main approaches are typically differentiated: white-box (WB), black-box 
(BB), grey-box (GB), each of them encompassing sub-methods. Small-scale building modelling will not be further 
discussed here; several reviews are available in the literature [1–3]. 
Large-scale building energy models have focussed on the prediction of performance indicators  including: building 
energy consumption, CO2 emissions and/or the impact of new policies [4,5]. It can be used at different scales, 
from district [6], cities [7], countries [8], to the European level [5] or even a global perspective [9]. Energy 
predictions are made over a wide range of frequencies, from an annual basis to as low as a minute-by-minute basis 
[4,10,11]. Large-scale building modelling can be divided into two approaches: top-down and bottom-up. The two 
techniques can be characterised by the “macro-economic tradition” for top-down and by the “engineering-economic 
tradition” in the case of bottom-up techniques [12]. The complexity inherent to the diversity of buildings 
characteristics at the large-scale can be reduced by relying on representative buildings ; they are typically called 
“archetypes”, “prototypes” or “reference buildings”. The methodology involves grouping together the buildings which 
share similar characteristics; the grouping is achieved by classification typically or, more rarely,  by clustering; the 
typical parameters used for the grouping are the vintage, the type of the buildings, or the climate zone (if the study is 
done for a whole country for example) etc. [8,11,13–17]. Reviews and examples of the different large-scale 
approaches are available in the literature [4,11,18]. 
Building energy modeling: case studies 
 
 
Fig. 1 shows a schematic representation of 18 selected cases of building energy modelling, based on a similar 
graphical approach outlined in [18], albeit with different papers, parameters and scales [7,8,10,13,14,17,19–30]. The 
following papers can be consulted to compare the performance of different models: WB [31,32], BB [33,34], multi-
approaches  [35,36]. 
 
 
 
Fig. 1. Schematic representation of a selection of papers for small and large-scale building energy modeling (NB: papers using a combination 
of BB and WB were considered as GB. The “Distribution” technique refers to papers starting the modeling at the appliances level and relying on 
statistics such as ownership data). 
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The papers were selected in the literature among the ones specifying the parameters considered in 
Fig. 1 (scale, technique, etc). 
Fig. 1 is a practical graphical representation giving a quick overview of the main characteristics of the case studies 
selected. 
 
3. Building Modeling for Demand Response 
 
DR “includes all intentional modifications to consumption patterns of electricity of end-use customers that are 
intended to alter the timing, level of instantaneous demand or the total electricity consumption” [37]. DR estimation 
and implementation in buildings typically involves a control scheme. There exists numerous control techniques for 
building loads; for example, they can be classified by type of approach (hard, soft, classical, hybrid control, etc.) or 
their characteristics (optimal, adaptive, predictive, etc.). The differentiation could also be made between the techniques 
requiring knowledge and/or characteristics of the system to control (e.g. WB and GB Model Predictive Control) 
and other approaches based purely on historical data (e.g. neural network controllers). Several literature reviews 
are available on the topic [38–41]. 
The type of building model and the DR estimation technique influence the benefits that can be obtained from DR 
implementation. The comparison between techniques is often made on the potential for energy cost reduction or 
thermal comfort improvement but other criteria have been addressed as well [39]. Among the hard control techniques 
[39], Model Predictive Control (MPC) has gathered the interest of the research community, as it allows future 
disturbances to be taken into account, while computing an optimal solution via tunable cost functions. As its name 
suggests, MPC relies on a model of the system (the building in the present case), which is hence of crucial 
importance for DR estimation [42]. MPC has been applied to various cases such as residential houses [43,44], a 
university building [45], and office buildings [45,46]. Typically, MPC performs better than other control techniques, 
even though this might not be systematically true depending on the case study [39,40,47,48]. Using Matlab/Simulink, 
MPC was compared to PID for DR implementation of domestic hot water and space heating storage in two 
French dwellings; MPC resulted in 18% less energy consumption than PID under deterministic mode [49]. As part 
of the OptiControl project, several control techniques were compared on various case studies [48]; stochastic MPC 
showed better performance than deterministic MPC or Rule Base Control (RBC) in terms of non- renewable energy 
use [50]. Further comparisons of MPC performance with other control techniques for building energy management 
are available in the literature [39]. 
Considering the use of MPC for DR estimation, WB [47,51,52] , GB [48,49] and BB [53] building models have 
been used for this purpose. GB and BB models have been shown to be adequate for MPC if field data is available 
[49,54]. Privara et al. [42] compared several GB and BB techniques for MPC applications; GB models offer a trade- 
off between model complexity and data requirement, but BB might be required for complex structures. Both 
approaches are tunable in complexity. It is advised to follow a model selection procedure relying on statistical tests: 
examples are given in Privara et al. [42] and Bacher et al.  [20] among others. Privara et al.  [42] suggests a  two- step 
selection procedure relating to the disturbances inputs and then the system states. Validation of the model is a crucial 
step; methodologies for model validation are described by Privara et al. [42] and Bacher et al. [20] among others. 
WB simulation models are typically not suitable as such for MPC, they need middleware tools to implement the 
optimization part; for example, the three layer GenOpt framework allows such connection for text-based simulation 
tools and has been applied with TRNSYS on a Canadian building [47]. Other WB applications include Energy Plus 
coupled  with Matlab for an US office building and Esp-r and Labview for two test rooms  [51,52]. Their drawback 
is the large computational requirement given the details of the model, but they allow testing a wide range of situations. 
Simpler WB models such as low-order RC networks where parameters are calculated based on the building 
characteristics (i.e. without time series) [53] offer a less complex model for MPC [39,45]. 
Even though models for prediction of energy use in buildings have been developed at large-scale, there is less 
work about DR estimation for a district or a city. Recently, a theoretical large-scale study was carried out based on 
typical load profile estimation for 30 processes (e.g. mechanical wood pulp production) and appliances (e.g. 
freezer/refrigerator). Considering scenarios for DR, the potential was estimated on an hourly basis at the EU scale 
for the residential, industrial and tertiary sectors. The DR estimation is based on BB regression techniques, fixed DR 
features for each process/appliance and it considers EU or national typical values for the processes/appliances 
characteristics; it also includes a spatial representation of DR potential. The average load reduction estimated for 
2010 is 93 GW which represents approximately 1/7th  of the peak load of the case study [56]. Another study was 
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carried out for the residential sector in Ireland and estimated the DR potential for 2011 and 2020 given different 
scenarios; the authors showed that the average interruptible load was 182 MW in 2011 and 147MW in 2020 [57]. 
Another example is an assessment of DR at the level of the residential building stock in Portugal considering the 
country load end-use profiles and various DR scenarios (electricity tariffs, willingness percentage,  etc.) [58]. Several 
other papers have addressed the DR estimation at a large-scale [59–61]. They typically focus on the grid 
perspective, by addressing topics such as power system operation, grid relief or integration of RE energies. The 
large-scale studies cited above are very useful as they provide a large-scale DR quantification and a starting point 
for further more detailed studies; however, such studies typically suffer from at least one of the following 
shortcomings: 
x The DR estimation is not the result of an optimization process but is scenario-based 
x The focus is on the grid-aspect, ignoring the building characteristics and passive storage capabilities 
x The building diversity is not taken into account; generic values are considered rather than specific or 
distribution-based parameters. 
x Only one type of building is considered 
Fewer papers rely on a building model for the DR estimation at a large-scale; as an example, Costanzo et al. [62] 
developed a distributed MPC scheme with an RC building model and applied it to 100 buildings; the RC model 
chosen in the study was described by Bacher et al. [20]. 
 
4. Conclusion and outlook 
 
From the literature review carried out, several topics for further research have been highlighted and will be 
addressed in future work. Large-scale DR estimation should take into account the building characteristics and the 
diversity encountered at such scale. The diversity lies in the energy sources, in the building types and end-use 
equipment, as well as the building thermal characteristics and occupants behavior. 
The diversity of building types can be addressed using an archetype-based approach via clustering techniques 
[16]. Several clustering techniques will be compared, the influence of the algorithm parameters and the number of 
clusters will be further investigated for several case studies. Each cluster will represent a group of buildings for which 
building models will be developed. Often WB models have been used with the archetype approach but GB and 
more particularly RC network models are seen as promising candidates for large-scale DR estimation: they are 
relatively simple and tunable, while maintaining some physical characteristics compared to BB approaches. The 
adequate complexity of the model can be selected using forward-selection techniques as described by Bacher et al. 
[20]. An approach accounting for the buildings characteristics distribution within each cluster will be necessary to 
tackle the heterogeneous building stock at a city scale. As mentioned earlier, it is mandatory to have a clear and 
complete validation strategy of the building models developed, which is not systematically addressed in current papers. 
Finally, as for MPC, the DR estimation will be optimized and predictive; it will take into account the building behavior 
via the RC models validated for each cluster. The DR estimation will include stochasticity for more representative 
outcomes and better performance and will account for the relationships between buildings as part of the large-scale 
system. 
A complete “building-oriented” study estimating the DR potential at a large-scale would be beneficial for the 
development of DR in smarter cities. 
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